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Nowadays the main honey producing countries require accurate labeling of honey before commercial-
ization, including ﬂoral classiﬁcation. Traditionally, this classiﬁcation is made by melissopalynology
analysis, an accurate but time-consuming task requiring laborious sample pre-treatment and high-
skilled technicians. In this work the potential use of a potentiometric electronic tongue for pollinic
assessment is evaluated, using monoﬂoral and polyﬂoral honeys. The results showed that after splitting
honeys according to color (white, amber and dark), the novel methodology enabled quantifying the
relative percentage of the main pollens (Castanea sp., Echium sp., Erica sp., Eucaliptus sp., Lavandula sp.,
Prunus sp., Rubus sp. and Trifolium sp.). Multiple linear regression models were established for each type
of pollen, based on the best sensors' sub-sets selected using the simulated annealing algorithm. To
minimize the overﬁtting risk, a repeated K-fold cross-validation procedure was implemented, ensuring
that at least 10e20% of the honeys were used for internal validation. With this approach, a minimum
average determination coefﬁcient of 0.91 ± 0.15 was obtained. Also, the proposed technique enabled the
correct classiﬁcation of 92% and 100% of monoﬂoral and polyﬂoral honeys, respectively. The quite
satisfactory performance of the novel procedure for quantifying the relative pollen frequency maystituto Politecnico de Bragança, Campus Santa Apolonia, 5301-855 Bragança, Portugal.
stituto Politecnico de Bragança, Campus Santa Apolonia, 5301-855 Bragança, Portugal.
pb.pt (A.M. Peres).
L.G. Dias et al. / Analytica Chimica Acta 900 (2015) 36e45 37envisage its applicability for honey labeling and geographical origin identiﬁcation. Nevertheless, this
approach is not a full alternative to the traditional melissopalynologic analysis; it may be seen as a
practical complementary tool for preliminary honey ﬂoral classiﬁcation, leaving only problematic cases
for pollinic evaluation.
© 2015 Elsevier B.V. All rights reserved.1. Introduction
Honey is a very complex natural product that contains sugars,
organic acids, amino acids, proteins, minerals, vitamins, lipids,
aroma compounds, ﬂavonoids, vitamins, pigments, waxes, pollen
grains, enzymes and other phytochemicals [1e3]. Honey distinct
and unique ﬂavor, aroma, color and composition depend on a lot of
variables: nectar composition of the ﬂora source, bees' species,
climate, environmental and seasonal conditions, agricultural
practices, geographical origin as well as of the techniques used
during honey extraction and storage [3e9]. The occurrence of
pollen grains in honey can be explained either by their presence in
the ﬂoral nectar or due to exogenous sources [10,11]. Honey pollen
proﬁle reﬂects forest vegetation, ﬂoral diversity and species
composition of the plants foraged by honey bees. The relative
pollen frequency is used for label purposes and to guarantee the
geographical origin, factors that greatly inﬂuence honey's com-
mercial value, being also used as a traceability tool by food control
institutions [10,12]. Honeys may be classiﬁed as monoﬂoral or
polyﬂoral depending on whether a dominating pollen grain,
originated from only one particular plant (monoﬂoral honey) or no
dominant pollen type in the sample (polyﬂoral honey) is found [8].
Monoﬂoral honeys are usually more expensive and appreciated
than polyﬂoral honeys [13e16]. Nevertheless, polyﬂoral honeys
may contain higher levels of ﬂavonoid and phenolic compounds
than monoﬂoral honey [17], therefore providing higher antioxi-
dant activity. In fact, honey consumption may lead to potential
health beneﬁts due to the antioxidant and antimicrobial properties
of honey [17,18]. Some studies [17,19] report a positive correlation
between honey color intensity and phenolic or ﬂavonoid contents,
and consequently antimicrobial activity. Also, it has been
described that dark colored honeys show, in general, higher
phenolic levels and antioxidant activity than light colored honeys
[17,20e22]. However, consumers still prefer lighter honeys mainly
due to the smooth sensory attributes [13,23,24]. In summary,
honey color classiﬁcation is also of major concern, not only since
physico-chemical, sensory and healthy attributes may differ from
light to dark honeys, but also due to consumer's preference. Usu-
ally, honey color is evaluated using a qualitative level scale [25],
ranging from extra-white to dark amber, which is established by
applying a millimeter Pfund scale calculated from the absorbance
values recorded, at a speciﬁc wavelength (625 nm), from an
aqueous diluted solution of honey. For honey ﬂoral classiﬁcation,
traditionally a melissopalynology analysis is used. This method
consists of counting down the number of pollens grains of a honey
sample and calculating the respective percentages of nectariferous
pollens. These are then used to identify the botanical origin and
the overall pollen spectrum, which may allow determining the
geographical origin of honeys [12]. This technique is quite labo-
rious, time-consuming and requires a high-skilled and trained
technician. Nevertheless, so far no alternative or complementary
analytical methodology has been reported for honey's pollinic
analysis.
In the last years several studies reported the application of
potentiometric electronic tongues for the classiﬁcation of honeysaccording to botanical or geographical origins [13,14,26e30]. The
successful results achieved may be explained by the variations
found in honeys with different pollinic proﬁles (including mono-
ﬂoral to polyﬂoral honeys) and colors (white, amber and dark),
which usually exhibit different sensory attributes, leading to overall
different taste perception.
In this work, a novel quantitative application of a potentiometric
E-tongue is evaluated, namely its potential use for assessing the
relative abundance of the main pollens identiﬁed in Portuguese
monoﬂoral and polyﬂoral honeys: e.g., Echium sp., Erica sp., Euca-
liptus sp., Lavandula sp., Prunus sp., Rubus sp. and Trifolium sp. The
procedure includes a preliminary step where honey samples are
split according to three main color groups (white, amber and dark),
as suggested in a previous work [13]. Then, multiple linear
regression models, based on the best sub-sets of electrochemical
sensors (E-tongue), selected using a simulated annealing (SA) al-
gorithm, are established, for the ﬁrst time, to estimate pollen
relative frequencies, using a repeated K-fold cross-validation pro-
cedure to reduce the possible risk of overoptimistic ﬁtting. Finally,
based on the predicted pollens relative percentage abundance, the
capability of correctly classify each honey according to its ﬂoral
origin as monoﬂoral or polyﬂoral honey was also evaluated. The
work carried out aimed to verify the potential of merging electronic
tongue data and chemometric tools, as a novel approach for the
quantiﬁcation of pollens relative abundances in honeys, reducing
the use of the traditional time-consuming melissopalynology
analysis.
2. Materials and methods
2.1. Reagents
All the reagents used were of analytical grade and used as
purchased. For pollinic analysis the following reagents were used:
anhydride acetic (Panreac), sulfuric acid (M&B), acetic acid (Merck),
KOH solution (Merck), fuchsin solution (Merck) and glycerine
(Absolve). For construction of the electronic tongue the following
reagents from Flukawere used as purchased: octadecylamine, oleyl
alcohol, methyltrioctylammonium chloride and oleic acid as addi-
tives; bis(1-butylpentyl)adipate, dibutylsebacate, 2-nitrophenyl-
octyl-ether, tris(2-ethylhexyl)phosphate, dioctyl phenyl-
phosphonate as plasticizers; and, poly(vinyl chloride) polymer
(PVC).
2.2. Honey samples: color and pollinic analysis
Portuguese honeys, collected during 2010 and 2011 throughout
the main honey production regions, kindly supplied by Federaç~ao
Nacional de Apicultores de Portugal (FNAP), were studied. All 89
honey samples were analyzed and classiﬁed according to color and
pollinic proﬁle. The color of each sample was determined according
to the quantitative millimeter Pfund (mmPfund) scale, calculated
from absorbance data of aqueous diluted honey samples (635 nm,
UV/vis spectrophotometer e Jenway, Genova model) according to
[31]:
Fig. 1. E-tongue construction: step by step process followed to build the proposed multisensor-array device.
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The mmPfund were then transformed into a three-level quali-
tative color classiﬁcation (white: mmPfund  34; amber:
34 < mmPfund  114; and, dark: mmPfund > 114), as proposed
previously by Sousa et al. [13], based on the seven-level color scale
deﬁned by the United States Department of Agriculture [25].The honey pollen quantitative spectrum analysis was conducted
according to the method reported by Louveaux et al. [32]. Brieﬂy,
10 g of honey were diluted with 30 mL of distilled water, followed
by centrifugation (1500 rpm, 30 min) to concentrate the sediment,
to which was added 10.0 mL of mixture (9:1,v/v) containing an-
hydride acetic (Panreac) and sulfuric acid (M&B). The solution was
incubated under agitation in a water bath (100 C, 3 min), after
L.G. Dias et al. / Analytica Chimica Acta 900 (2015) 36e45 39which, it was centrifuged again and the solution decanted, being
added 12.0 mL of acetic acid (Merck) to the sediment, followed by a
new centrifugation/decantation procedure. The sediment was
washed and re-suspended in 12.0 mL of distilled water, being
centrifuged and decanted once again. A ﬁnal wash step was carried
out with 12.0 mL of KOH solution (7%, Merck). After centrifugation
and decantation process, the pollen grains recovered were ﬁnally
stained (fuchsin solution (Merck) and mixed with glycerine
(Absolve)). An optic microscope (Leitz Messtechnik GmbH,Wetzlar,
Germany) with two objectives (400 and 1000) was used, by a
trained technician of the research team, to identify and count the
pollen grains (a minimum of 1000 grains were counted), using
pollen morphology reference standards available at the Microbi-
ology Laboratory of Escola Superior Agraria e Instituto Politecnico
de Bragança. Honeys were classiﬁed as monoﬂoral or polyﬂoral
based on their ﬂoral origin, type, presence/absence and relative
abundance of nectariferous pollens.2.3. Electronic tongue apparatus and analysis
The potentiometric multisensor device (E-tongue) included two
print-screen arrays, each containing 20 chemical lipid membranes
(3% of lipidic additive, 65% of plasticizer and 32% of PVC), prepared
using the drop-by-drop technique. Fig. 1 exempliﬁes the building
steps followed for the construction of the multi-sensor device. The
types of cross-sensitivity sensors and their relative compositions
were chosen based on a previous work [33], enabling good signal
temporal stability (%RSD < 5%) and repeatability (0.5% < %
RSD < 15%) towards sweet, acid, bitter, salty and umami basic
standard taste compounds. Further details on membrane compo-
sition of each sensor can be found in Sousa et al. [13]. These
membranes contain hydrophobic and hydrophilic groups that
enable electrostatic or hydrophobic interactions [34] in the pres-
ence of nonelectrolytes and electrolytes substances [35e39]. As
previously [13], the sensors were identiﬁed with a letter S (for
sensor), followed by the number of the array (1 or 2) and the
number of the membrane (1e20), comprising 20 sensors and rep-
licas. Details regarding each sensor composition (plasticizer and
additive combinations) can be found in Table 1. For signals acqui-
sition (1.0 V to þ1.0 V), a multiplexer Agilent Data AcquisitionTable 1
E-tongue sensors: identiﬁcation of the plasticizer and additive compounds used in each
Sensor ID noa Plasticizer compoundb (65%)
S1:1 or S2:1 Bis(1-butylpentyl) adipate ([-(CH2)2COOCH[(CH2)3CH3]2]2)
S1:2 or S2:2
S1:3 or S2:3
S1:4 or S2:4
S1:5 or S2:5 Dibutyl sebacate ([-(CH2)4CO2(CH2)3CH3]2)
S1:6 or S2:6
S1:7 or S2:7
S1:8 or S2:8
S1:9 or S2:9 2-nitrophenyl-octyl ether (O2NC6H4O(CH2)7CH3)
S1:10 or S2:10
S1:11 or S2:11
S1:12 or S2:12
S1:13 or S2:13 Tris(2-ethylhexyl) phosphate ([CH3(CH2)3CH(C2H5)CH2O]3
S1:14 or S2:14
S1:15 or S2:15
S1:16 or S2:16
S1:17 or S2:17 Dioctyl phenylphosphonate C6H5P(O)[O(CH2)7CH3]2)
S1:18 or S2:18
S1:19 or S2:19
S1:20 or S2:20
a Sensor identiﬁcation number.
b All plasticizers were selectophore™ grade from Fluka, with purity 97%.
c All additives were from Fluka, with purity 97%.Switch Unit model 34970A, controlled with the Agilent BenchLink
Data Logger software installed on a PC, was used, together with an
Ag/AgCl reference electrode (Crison, 5241). Samples were analyzed
directly, after honey dilution with deionized water (pH z 6), by
mixing 10.0 g of honey with 50.0 g of water. No other reagent was
added to the solution. Moreover, all assays were carried out at
ambient temperature enabling reducing the analysis time of each
honey sample. Finally, to minimize potentiometric signals drift, all
samples were analyzed in a 14-h period.
2.4. Statistical analysis
Multiple linear regression (MLR) models were established to
calculate the relative abundance (in percentage) of themain pollens
identiﬁed by pollinic analysis, in the 89 different honeys evaluated.
MLR models were developed for each color group (white, amber
and dark honeys), based on the most informative sub-sets of sen-
sors (between 2 and 39 sensors, which must be lower than the
number of samples under study) selected from the independent
signals of the 40 potentiometric sensors contained in the E-tongue.
As known, MLRmodels may be usedwhenmore than one predictor
is available, allowing correlating a dependent variable, Yi (e.g.,
where Y represents the pollen percentage in each honey sample for
the type of pollen i) with two or more independent variables, Xi,j (in
this case, the letter X stands for the potential signal of each sensor
recorded for honey samples containing the type of pollen i and the
index j represent the identiﬁcation code number of the sensor, that
varies between 1 and 40, which is the total number of potentio-
metric sensors) according to the equation:
Yi ¼ aþ
Xn
j¼1

bj  Xi;j
þ εi (2)
where, a is the intercept, bj are the coefﬁcients and εi is the error
for each MLR model established. Independent variable selection
(among the 40 sensor signals) was carried out using the meta-
heuristic SA algorithm [40e42] with the aim of establishing MLR
models with the minimum number of sensors. The SA algorithm
seeks to select the optimal conditions based on the annealing
physic process. This process involves a heating step followed by alipidic-polymeric membrane.
Additive compoundc (3%)
Octadecylamine (CH3(CH2)17NH2)
Oleyl alcohol (CH3(CH2)7CH]CH(CH2)7CH2OH)
Methyltrioctylammonium chloride ([CH3(CH2)6CH2]3N(Cl)CH3)
Oleic acid (CH3(CH2)7CH]CH(CH2)7COOH)
Octadecylamine (CH3(CH2)17NH2)
Oleyl alcohol (CH3(CH2)7CH]CH(CH2)7CH2OH)
Methyltrioctylammonium chloride ([CH3(CH2)6CH2]3N(Cl)CH3)
Oleic acid (CH3(CH2)7CH]CH(CH2)7COOH)
Octadecylamine (CH3(CH2)17NH2)
Oleyl alcohol (CH3(CH2)7CH]CH(CH2)7CH2OH)
Methyltrioctylammonium chloride ([CH3(CH2)6CH2]3N(Cl)CH3)
Oleic acid (CH3(CH2)7CH]CH(CH2)7COOH)
P(O)) Octadecylamine (CH3(CH2)17NH2)
Oleyl alcohol (CH3(CH2)7CH]CH(CH2)7CH2OH)
Methyltrioctylammonium chloride ([CH3(CH2)6CH2]3N(Cl)CH3)
Oleic acid (CH3(CH2)7CH]CH(CH2)7COOH)
Octadecylamine (CH3(CH2)17NH2)
Oleyl alcohol (CH3(CH2)7CH]CH(CH2)7CH2OH)
Methyltrioctylammonium chloride ([CH3(CH2)6CH2]3N(Cl)CH3)
Oleic acid (CH3(CH2)7CH]CH(CH2)7COOH)
Fig. 2. Scheme showing the potential application of the novel quantitative E-tongue/MLR-SA approach for honey qualitative ﬂoral origin classiﬁcation.
L.G. Dias et al. / Analytica Chimica Acta 900 (2015) 36e4540slow controlled cooling of a material (allowing to reach thermal
equilibrium at each temperature) so that the material can reach the
most regular possible crystal lattice conﬁguration (free from de-
fects at a minimum energy crystalline state). The SA algorithm is
classiﬁed as a meta-heuristic algorithm, which is able to identify a
subset of the original independent variables that corresponds to a
global optimum for a given approximation criterion, selected
within a large search space of other possible subsets of variables. In
detail, the algorithm searches a global minimum for optimizing a
system with k variables. In each iteration, the values of two solu-
tions (the current subset of variables k and the new subset to be
tested, also with k variables) are compared by a test which mea-
sures the quality of those two subsets of variables. The new solution
is randomly selected in the neighborhood of the current solution
and tested according to the rules of simulated annealing, beingTable 2
Honey samples details: color classiﬁcation according to the mmPfund scale (white, amber
and polyﬂoral) based on the pollinic analysis, type of identiﬁed pollens, number of hone
Honey color (mmPfund) Total of honeys Floral classiﬁcation Identiﬁ
White (15.9e33.4) 22 22 monoﬂoral and 0 polyﬂoral Castane
Echium
Erica sp
Eucalip
Lavand
Prunus
Rubus s
Trifoliu
Amber (34.8e113.4) 42 32 monoﬂoral and 10 polyﬂoral Castane
Echium
Erica sp
Eucalip
Lavand
Prunus
Rubus s
Trifoliu
Dark (114.7e204.2) 25 20 monoﬂoral and 5 polyﬂoral Castane
Echium
Erica sp
Eucalip
Lavand
Prunus
Rubus s
Trifoliu
a Only considered, for modeling purposes, if the number of honeys was greater than 1selected the current solution if it gives best results than the initial
one. The algorithm continues the search for new solutions till it
reach the maximum number of attempts established at the
beginning of the procedure. In general, 10,000 attempts are used to
select the best subset of variables (best model), starting the process
of selecting the best subsets of variables on each trial, thus ensuring
a greater conﬁdence in ﬁnding a true optimal solution [40,41]. In
the present study, for each sub-set of sensors under evaluation
(combinations of sensors from 2 to 39), the set of sensors chosen for
each possible combination was the one that enabled to obtain the
maximumvalue of the tau2 quality criterion, which can be used as a
measure of the goodness of ﬁtting, since for a univariate MLR, tau2
is the standard coefﬁcient of determination (R2) [40,41]. Leave-one-
out cross validation (LOO-CV) is usually applied when it is not
possible to use an independent external validation group due to theand dark) and respective number of samples, ﬂoral origin classiﬁcation (monoﬂoral
y containing a speciﬁc kind of pollen and its relative abundance.
ed pollens No of honeys with a speciﬁc pollena Pollen relative abundance (%)
a sp. 6 2.5%e19.3%
sp. 20 3.8%e79.2%
. 4 2.7%e12.0%
tus sp. 6 2.1%e82.0%
ula sp. 20 2.7%e66.5%
sp. 14 2.5%e22.3%
p. 19 2.8%e38.5%
m sp. 9 2.4%e81.7%
a sp. 26 3.0%e64.1%
sp. 31 1.4%e70.0%
. 17 1.2%e13.9%
tus sp. 17 1.5%e72.2%
ula sp. 29 1.2%e45.6%
sp. 36 1.6%e80.1%
p. 34 2.8%e68.6%
m sp. 25 1.4%e69.0%
a sp. 24 5.9%e94.8%
sp. 14 2.6%e54.6%
. 16 1.3%e81.7%
tus sp. 12 1.2%e7.5%
ula sp. 14 1.2%e17.1%
sp. 17 1.4%e48.5%
p. 15 1.1%e60.7%
m sp. 11 1.5%e57.6%
0.
Fig. 3. E-tongue potentiometric signals proﬁles recorded for white, amber or dark
honey samples containing minimum and maximum relative percentage abundance of
Lavandula sp. pollen.
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ously used for testing qualitative and quantitative predictive
models [43e45]. However, it is still considered an overoptimistic
approach and so, in this work, to minimize the potential risk of
obtaining overﬁtted predictive MLR models, a K-fold cross-
validation strategy was applied to the sub-sets of sensors chosen
by the SA algorithm. For this purpose, data was divided into K
subsets, approximately of equal size, and Kmodels were ﬁtted, eachtime considering K-1 subsets, as the training set, leaving out one of
the subsets, which was used as the validation set, to compute the
predictive error for the obtained model [46]. Although there is no
formal rule to select the number of K-folds, a possibility is to ﬁx a
value that allows the formation of subsets with 10e20% of data,
which enables bias reduction. Also, to reduce the uncertainty of the
estimates, a repeated K-fold cross-validation procedure is usually
used, being in this work the number of repetitions set equal to 10.
This procedure was implemented to select a sub-set of E-tongue
sensors that enabled establishing a linear relation between pre-
dicted percentages of a speciﬁc type of pollen in honey versus their
true percentages obtained from melissopalynological analysis
(used as the standardmethod), with aminimum average R2 value of
0.90 and the minimum number of sensors. The predictive quanti-
tative performance of the MLR model was further evaluated by
testing if the slope and intercept values of the linear relation be-
tween predicted pollen relative percentage by the E-tongue and the
experimental pollen abundance data were equal to the theoretical
expected values (one and zero, respectively), from a statistical point
of view [47]. Also, this graphical representationmay allow verifying
which honeys were correctly classiﬁed according to their ﬂoral
origin by the MLR models and the possible occurrence of false
positive or false negative classiﬁcations. Indeed, as exempliﬁed in
Fig. 2, four situations may occur when the MLR models are used to
quantify the percentage of a speciﬁc type of pollen in honey sam-
ples: (i) if the samples fail into the upper right quadrant they would
be correctly classiﬁed as monoﬂoral in that pollen; (ii) if the sam-
ples are located in the upper left quadrant would bemisclassiﬁed as
monoﬂoral (false positive cases); (iii) if samples are within the low
left quadrant they may be correctly classiﬁed as polyﬂoral or
monoﬂoral in other type of pollen; and, (iv) if samples are located in
the low right quadrant they are not correctly classiﬁed as mono-
ﬂoral in that pollen (false negative cases). All statistical data anal-
ysis was performed using the Subselect [40,41] and MASS [48]
packages of the open source statistical program R (version 2.15.1),
at 5% of signiﬁcance level.
3. Results and discussion
3.1. Honey color classiﬁcation, pollen proﬁle and ﬂoral classiﬁcation
All the 89 different honeys were subjected to color and pollinic
analysis. The results showed that honey colors varied from extra-
white to dark amber, according to the qualitative color scale [25].
The samples were grouped into 3 main color groups, as proposed
previously [13], 22 white honeys, 42 amber honeys and 25 dark
honeys, as described in Table 2. The melissopalynological assays of
the studied honeys identiﬁed 8main different pollens (Castanea sp.,
Echium sp., Erica sp., Eucaliptus sp., Lavandula sp., Prunus sp., Rubus
sp. and Trifolium sp.), which relative abundance percentages varied
from 1% to 95%, resulting in 74 monoﬂoral and 15 polyﬂoral honeys
(Table 1). As can be seen in Table 1, for white honeys and 4 pollen
species (Castanea sp., Erica sp., Eucaliptus sp. and Trifolium sp.), the
number of samples was lower than 10. For these cases, since the use
of the repeated K-folds cross-validation procedure was not realistic
(resulting in the application of an overoptimistic LOO-CV proce-
dure), no MLR models were developed.
3.2. E-tongue analysis
The capability of using potentiometric sensor signals to quantify
the relative percentage abundance of a speciﬁc pollen in a honey
sample was evaluated. Indeed, the honey pollinic proﬁle is corre-
lated to the global honey chemical composition through a de-
pendency with the quantity and type of ﬂowers nectar collected by
Table 3
Multiple linear regression (MLR) models parameters for each type of pollen (monoﬂoral and/or polyﬂoral) and honey color group.
Pollen type No. honeys with a speciﬁc pollen MLR model parameters for K-fold cross-validation procedure (K-folds  10 repeats)
No. K-folds No. sensors** Slope Slope CI*** Intercept Intercept CI**** Mean R2 coefﬁcient ± SD
White honeys (mmPfund ≤ 34)
Castanea sp. 6* e e e e e e e
Echium sp. 20 5 13c 0.998 [0.984, 1.013] 0.160 [0.449, 0.770] 0.99 ± 0.02
Erica sp. 4* e e e e e e e
Eucaliptus sp. 6* e e e e e e e
Lavandula sp. 20 5 12j 0.992 [0.973, 1.010] 0.136 [0.760, 0.489] 0.99 ± 0.02
Prunus sp. 14 5 8m 0.980 [0.957, 1.003] 0.077 [0.164, 0.319] 0.94 ± 0.15
Rubus sp. 19 5 12p 1.000 [0.984, 1.017] 0.010 [0.282, 0.302] 0.99 ± 0.02
Trifolium sp. 9* e e e e e e e
Amber honeys (34 < mmPfund ≤ 114)
Castanea sp. 26 6 17a 0.991 [0.970, 1.013] 0.435 [0.054, 0.925] 0.96 ± 0.08
Echium sp. 31 7 23d 1.001 [0.977, 1.024] 0.125 [0.762, 1.012] 0.97 ± 0.10
Erica sp. 17 5 12f 1.000 [0.988, 1.013] 0.042 [0.119, 0.036] 0.996 ± 0.010
Eucaliptus sp. 17 5 10h 0.996 [0.980, 1.011] 0.421 [0.033, 0.876] 0.99 ± 0.03
Lavandula sp. 29 7 21k 0.959 [0.944, 0.974] 0.179 [0.058, 0.412] 0.98 ± 0.05
Prunus sp. 36 9 28n 1.017 [0.987, 1.046] 0.198 [0.905, 0.509] 0.91 ± 0.15
Rubus sp. 34 8 26q 0.999 [0.965, 1.033] 0.626 [1.756, 0.505] 0.95 ± 0.08
Trifolium sp. 24 6 16s 1.011 [0.994, 1.028] 0.347 [0.670, 0.025] 0.98 ± 0.04
Dark honeys (mmPfund > 114)
Castanea sp. 24 6 13b 0.977 [0.946, 1.008] 1.456 [0.055, 2.968] 0.96 ± 0.05
Echium sp. 14 5 8e 1.003 [0.992, 1.014] 0.067 [0.315, 0.181] 0.99 ± 0.02
Erica sp. 16 5 9g 1.009 [0.989, 1.028] 0.358 [0.476, 1.191] 0.99 ± 0.01
Eucaliptus sp. 12 5 6i 1.003 [0.967, 1.040] 0.033 [0.126, 0.192] 0.99 ± 0.03
Lavandula sp. 14 5 8l 0.999 [0.981, 1.016] 0.107 [0.001, 0.216] 0.94 ± 0.13
Prunus sp. 17 5 12o 1.004 [0.996, 1.012] 0.034 [0.087, 0.155] 0.99 ± 0.06
Rubus sp. 15 5 9r 1.005 [0.992, 1.018] 0.114 [0.462, 0.233] 0.995 ± 0.008
Trifolium sp. 11 5 6t 0.996 [0.976, 1.016] 0.014 [0.411, 0.384] 0.97 ± 0.12
*If less than 10 samples were available no MLR models were developed.
**Number of sensors selected using the SA meta-heuristic variable selection algorithm.
***Slope CI: slope's 95% conﬁdence interval.
****Intercept CI: intercept's 95% conﬁdence interval.
a S1:1, S1:3, S1:6, S1:10, S1:13, S1:19, S1:20, S2:6, S2:8-S2:11, S2:14-S2:17, S2:19.
b S1:1, S1:8, S1:9, S1:11, S1:13-S1:15, S1:17, S1:20, S2:2, S2:4, S2:9, S2:13.
c S1:6, S1:10, S1:11, S1:13, S1:16, S1:19, S1:20, S2:2, S2:3, S2:7, S2:8, S2:12, S2:13.
d S1:3, S1:4, S1:6- S1:8, S1:10, S1:12, S1:14, S1:15, S1:17-S1:20, S2:1, S2:2, S2:5, S2:10-S2:13, S2:16, S2:18, S2:19.
e S1:10, S1:11, S1:14, S1:17, S2:3, S2:6, S2:18, S2:19.
f S1:6, S1:8, S1:12, S1:13, S2:2, S2:4, S2:7, S2:9, S2:11, S2:14, S2:15, S2:20.
g S1:6, S1:10, S1:14, S1:15, S1:19, S1:20, S2:14, S2:16, S2:20.
h S1:3, S1:5, S1:12, S1:14, S1:16, S1:18, S2:2, S2:10, S2:11, S2:18.
i S1:8, S2:4, S2:5, S2:17-S2:19.
j S1:3, S1:5, S1:6, S1:16, S1:19, S2:7, S2:9, S2:10, S2:14- S2:16, S2:18.
k S1:1, S1:3, S1:4, S1:9, S1:12-S1:15, S1:18-S1:20, S2:2, S2:4, S2:10-S2:13, S2:15, S2:16, S2:18, S2:20.
l S1:2, S1:3, S1:10, S1:11, S2:1, S2:4, S2:6, S2:9.
m S1:2, S1:3, S1:14-S1:16, S1:19, S2:10, S2:12.
n S1:1-S1:3, S1:5-S1:11, S1:13-S1:15, S1:18, S1:19, S2:1, S2:2, S2:4, S2:7-S2:10, S2:13-S2:15, S2:17-S2:19.
o S1:2, S1:5, S1:8, S1:9, S1:13, S1:17, S1:20, S2:6, S2:9, S2:13, S2:17, S2:18.
p S1:1, S1:2, S1:4-S1:6, S1:8, S1:11, S1:14, S1:16, S1:18, S2:1, S2:20.
q S1:1, S1:2, S1:4-S1:8, S1:11, S1:13-S1:17, S1:19, S2:3, S2:4, S2:6-S2:11, S2:14, S2:17-S2:19.
r S1:1, S1:2, S1:6, S1:10, S1:19, S2:5, S2:12, S2:14, S2:17.
s S1:1, S1:2, S1:4, S1:5, S1:8, S1:11, S1:16, S1:18, S1:20, S2:3, S2:5, S2:7, S2:12, S2:13, S2:15, S2:19.
t S1:2, S1:4, S1:16, S1:17, S2:13, S2:17.
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tion potential could be tentatively attributed to the different elec-
trical responses that are expected to occur when lipid/polymer
membranes are exposed to solutions containing different levels
and types of electrolytes (e.g., phenolic compounds and organic
acids) and/or non-electrolytes (e.g., sugars) chemical compounds,
although the underlying mechanisms are not fully known [37].
Electrolytes substances interact electrically with the lipid/polymer
membrane inducing a change in the membrane potential [38,39].
Non-electrolytes compounds, containing hydroxyl groups, may
interact with carboxyl or phosphate groups of the lipid/polymer
membrane surface, through hydrogen bonds or due to the presence
of some mediating electrolyte substances [36,37,49,50].
3.2.1. E-tongue potentiometric signals
For each honey sample analyzed, 40 potentiometric signals(20 different sensor membranes used in duplicate: S1:1eS1:20
and S2:1eS2:20) were recorded. Fig. 3 shows three examples of
the potentiometric signals recorded by each sensor regarding the
analysis of two honey samples containing minimum and
maximum relative percentage abundance of Lavandula sp. pollen,
for white, amber and dark honeys (in Supplementary material
section, Figs. S1 to S3 show the signals proﬁles for all the 8
main pollens identiﬁed in the Portuguese honeys evaluated, for
each honey color group). These ﬁgures show that, in general, for
honeys belonging to a color group and containing a speciﬁc type
of pollen, the E-tongue sensors would give potentiometric signals
with different intensities depending on the relative percentage
abundance of the pollen under evaluation, although with a
similar overall proﬁle. This means that, theoretically, it could be
possible to use the E-tongue signals proﬁles to estimate the
pollen percentage in a honey sample. Also, it can be seen that, in
Fig. 4. Pollen relative abundance in white honeys samples: comparison of predicted percentages by the novel E-tongue based approach and the experimental values from reference
mellissopalonogic methodology, for Echium sp. and Lavandula sp. pollens. In each case dark dashed lines limited four areas: upper right quadrant e monoﬂoral honey correctly
classiﬁed; upper left quadrant e false positive monoﬂoral classiﬁcation; lower left quadrant e other monoﬂoral or polyﬂoral (Poly) honeys; and, lower right quadrant e false
negative monoﬂoral classiﬁcation.
L.G. Dias et al. / Analytica Chimica Acta 900 (2015) 36e45 43general, similar signal proﬁles are observed with the two multi-
sensor systems (S1:1-S1:20 vs. S2:1-S2:20). Globally, signals in-
tensities varied from þ0.090 V to þ0.225 V for all sensors
included in the E-tongue, avoiding the need of data scaling.However, the narrow range of signals intensities requires the
implementation of a variable selection procedure to select the
most informative signals sub-sets for establishing powerful pre-
dictive MLR models [45].
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application to honey ﬂoral origin classiﬁcation
The potential of proposed method was evaluated using the 74
monoﬂoral and 15 polyﬂoral honeys included in the studied set.
Pollen relative percentage abundance was estimated using the
most informative sub-sets of sensors of the E-tongue, selected by
the SA algorithm, which were used to establish MLR models. The
predictive performance of each model, regarding the estimation of
pollen relative percentage abundance within each honey color
group, was assessed by applying the repeated K-folds cross-
validation procedure, which is a more robust technique compared
with the usual LOO-CV procedure allowing minimizing the risk of
overoptimistic modeling performance [46]. The results (Table 3)
showed that the E-tongue based methodology is an accurate tool
(average R2  0.91 ± 0.15 for the MLR models) enabling the quan-
tiﬁcation of the relative percentage of the main pollens (Castanea
sp., Echium sp., Erica sp., Lavandula sp., Prunus sp., Rubus sp. and
Trifolium sp.) identiﬁed in Portuguese honeys, when present in a
speciﬁc honey sample. Also, for all pollens and color groups (except
for two cases: amber samples containing pollen of Lavandula sp. or
Trifolium sp.), the slope and intercept values, as well as the
respective 95% conﬁdence intervals, demonstrate the quite satis-
factory accuracy of the MLR models since, at 5% signiﬁcance level,
the referred regression parameters are not statistically different
from the theoretical expected values (slope equal to one; intercept
equal to zero). So, the novel E-tongue/MLR-SA approach may be
seen as a possible quantiﬁcation procedure for assessing the rela-
tive pollen percentage abundance in honey samples. Indeed a
satisfactory agreement is observed when representing E-tongue
predicted pollen percentages vs. relative pollen abundance (%)
determined from melissopalynology analysis, which is assumed as
the reference methodology for pollinic proﬁle assessment (Fig. 4
and Figs. S4 to S6 of Supplementary material section). Neverthe-
less, it should be noticed that only in few cases unreal pollen
relative percentages (negative values) are predicted by the MLR
models. However, this unrealistic behavior is only observed for low
pollen percentages (usually lower than 5e10%) and mainly for the
quantiﬁcation of Prunus sp. or Rubus sp. relative percentages in
amber honeys. Even so, this potential drawback does not severely
affect ﬂoral origin honey classiﬁcation, as can be veriﬁed from Fig. 4
(and Figs. S4 to S6). Indeed, themajority of the honey samples could
be correctly classiﬁed as monoﬂoral or polyﬂoral honeys based on
the predicted values from theMLRmodels. In fact, in general, honey
samples classiﬁed as a speciﬁc monoﬂoral honey (according to the
melissopalynology assays) lied in the upper right quadrant, which
corresponds to the correct ﬂoral origin classiﬁcation area. Yet, for a
few honey samples, the MLRmodels gave false negative monoﬂoral
predictions (data located in the lower right quadrant delimitated by
the dark dashed lines within each ﬁgure) and in only one case
(amber honey containing Echium sp.) a false positive monoﬂoral
predicted classiﬁcation was observed. The misclassiﬁcations were
mainly observed for honey samples containing a pollen relative
abundance of the same magnitude of the minimum pollen per-
centage required for monoﬂoral classiﬁcation. Indeed, it should be
noticed that a honey sample to be classiﬁed as monoﬂoral requires
a minimum speciﬁc pollen abundance of 45% (Echium sp., Erica sp.,
Eucaliptus sp., Prunus sp. or Rubus sp.), 70% (Trifolium sp.) or 90%
(Castanea sp.), with the exception of Lavandula sp., for which an
abundance of 15% is sufﬁcient [51e54].
4. Conclusions
This work investigated the possibility of applying an E-tongue to
quantify the relative percentage abundance of main pollens (Cas-
tanea sp., Echium sp., Erica sp., Lavandula sp., Prunus sp., Rubus sp. orTrifolium sp.) identiﬁed in Portuguese monoﬂoral and polyﬂoral
honeys. For that, MLRmodels were established for each honey color
group (white, amber or dark) based on sub-sets of potentiometric
signals set using a SA variable selection algorithm. This study aimed
to compare the predicted pollen percentages by the novel proposed
E-tongue/MLR-SA approach with the experimental pollen proﬁle
data from the reference melissopalynological analysis. The results
demonstrate, for the ﬁrst time, that the proposed analytical
approach could be a complementary tool to the traditional time-
consuming pollinic analysis, enabling a preliminary pollinic hon-
ey evaluation. Nevertheless, further studies must be carried out to
overcome some drawbacks, namely the misclassiﬁcation of some
monoﬂoral honeys (cases of false negative classiﬁcations) and the
unreal percentage values (negative values) obtained for honeys
containing low pollen relative percentages. For such studies, new
honey samples with a lower variability in pollinic composition, will
be required, to understand the differences of the underlying be-
haviors of the potentiometric E-tongue. However, it has been
showed that there exists a relation between pollen abundance in a
honey sample and the potentiometric signals proﬁles recorded,
which could be tentatively related with organoleptic attributes of
each honey studied.
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